COVID-19: Forecasting mortality given mobility trend data and
  non-pharmaceutical interventions by Diaz, Victor Hugo Grisales et al.
1 
 
COVID-19: Forecasting mortality given mobility trend data and non-pharmaceutical interventions 
Victor Hugo Grisales Díaz* (1), Oscar Andrés Prado-Rubio (2) and Mark J. Willis (3) 
1 - Universidad Libre Seccional Pereira, Facultad Ciencias de la Salud. Grupo de investigación en Microbiología y 
Biotecnología MICROBIOTEC, Belmonte Avenida Las Américas, Colombia (victorh.grisalesd@unilibre.edu.co) 
2 – GIANT, Departamento de Ingeniería Química, Universidad Nacional de Colombia - Sede Manizales, Campus 
La Nubia, Km 9 vía al Aeropuerto La Nubia, Bloque L, Colombia. 
3 - School of Engineering, Newcastle University, Newcastle upon Tyne, NE1 7RU, UK  
Abstract 
We develop a novel hybrid epidemiological model and a specific methodology for its calibration to distinguish 
and assess the impact of mobility restrictions (given by Apple’s mobility trends data) from other complementary 
non-pharmaceutical interventions (NPIs) used to control the spread of COVID-19. Using the calibrated model, we 
estimate that mobility restrictions contribute to 47 ± 10% (US States) and 47 ± 12% (worldwide) of the overall 
suppression of the disease transmission rate using data up to 13/08/2020. The forecast capacity of our model 
was evaluated doing four-weeks ahead predictions. Using data up to 30/06/20 for calibration, the mean absolute 
percentage error (MAPE) of the prediction of cumulative deceased individuals was 5.0 ± 1.9% for the United 
States (51 states) and 6.7 ± 2.6% worldwide (49 countries). This MAPE was reduced to 3.5 ± 1.3% for the US and 
3.8 ± 1.3% worldwide using data up to 13/08/2020. We find that the MAPE was higher for the total confirmed 
cases at 11.5 ± 4.7% worldwide and 10.2 ± 2.7% for the US States using data up to 13/08/2020. Our calibrated 
model achieves an average R-Squared value for cumulative confirmed and deceased cases of 0.992 using data 
up to 30/06/20 and 0.98 using data up to 13/08/20.  
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Highlights 
• A compartmental model that incorporates mobility trends data reported by Apple 
• The impact of mobility restrictions on the rate of disease suppression is ~47% 
• A four week ahead forecast of cumulative deceased cases has a MAPE of ~3.6 % 
• A four weeks ahead forecast of cumulative confirmed cases has a MAPE of ~10.6 % 
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Introduction 
Non-pharmaceutical interventions (NPIs) issued by governments are successfully controlling COVID-19 
virus transmission rates. For example, it has been suggested that NPIs have prevented or delayed 61 million new 
confirmed cases in China, South Korea, Italy, Iran, France, and the United States [1]. Unfortunately, these policies 
are easing in several countries around the world and consequently global infected cases of COVID-19 are still 
drastically increasing with the number of daily new infected cases at more than two hundred thousand, 
(20/09/2020), see [2]. As a result, new NPIs are constantly being issued by governments around the world to 
reduce rates of contagion. 
The introduction of any new NPI needs to be cost-effective, as NPIs have also shown high social and 
economic costs, such as unemployment. To try to ensure the most cost-effective NPIs are introduced, 
mathematical models are fundamental as they can be used to understand and measure the impact of NPIs [3]. 
Furthermore, mathematical models have been used to estimate the effective reproduction number, which is 
reduced through the application of NPIs [4]. This is an essential metric used by policymakers and 
epidemiologists as exponential growth in active cases is still observed if this number is higher than one in any 
determined period. For this reason, in [5,6] we developed a mathematical model that estimated the effective 
reproduction number as a function of NPIs and time.  
This contribution aims to extend our previous work and estimate the dynamics of mortality as well as 
calculate the cumulative active cases for many countries around the world. At the same time, we evaluate the 
effectiveness of restrictions on mobility (i.e., walking, driving and transport) on the reduction of the disease 
transmission rate and hence the control of the cumulative number of infected and deceased individuals. To do 
this we use mobility trends data provided by Apple [7]. This is important as mobility restrictions have been 
identified as being the most significant of all NPIs by [8,9]. For example, it has been estimated that lockdowns in 
the US would save 1.7 million lives by October 2020 with a monetary mortality benefit of 8 trillion USD [10]. In 
addition, country-wide lockdowns have been found to reduce disease transmission rates by 75–87% in 11 
European countries [8]. Similarly, school closure, quarantine, and distance working have been estimated to have 
reduced the number of contagious individuals by 78.2%-99.3% [11]. However, there are also reports of the lower 
effectiveness (a 47% reduction in contagion rates) being associated with mobility [9], which demonstrates the 
wide confidence bounds associated with the evaluation of the impact of this NPI.  
In this work, a new compartmental model is proposed and calibrated to distinguish and measure the 
impact of mobility restrictions on the rate of disease suppression. In addition, we use the calibrated model to 
forecast up to four-weeks ahead the number of cumulative infected cases and the resulting mortality rates. 
Here, we demonstrate for the first time for a large number of cases (to the best of our knowledge) that including 
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both mobility trend data and NPIs are necessary to capture dynamics and simultaneously accurately forecast 
mortality. As we use a hybrid compartmental model, the mathematical model developed here has the additional 
advantage that can be also used to calculate the effective reproductive number at any particular time and for 
any country. To generate our results we use data from 49 countries and 51 U.S states available from [12] and [2], 
respectively. 
Methods 
In this contribution, our previous model [5] is extended to predict mortality and to include a term to 
estimate the reduction on the contagious rates given reported mobility data. Due to these modifications, the 
proposed model is referred to as SIRD-MC (mobility-control).  
SIRD-MC model 
To develop the SIRD-MC model, individuals are compartmentalised into the number of susceptible (𝑆(𝑡)) 
compared to the total population (𝑁), the number of infected (𝐼(𝑡)), the number of removed (𝑅(𝑡)), and the 
number of deceased (𝐷(𝑡)). The compartmental 𝑅(𝑡) is the summatory of recovered and deceased individuals. 
We also include a term for patients that have symptoms that can lead to death (𝐼𝑑(𝑡)). This compartment is 
proposed to deal with different kinds of infected individuals e.g. asymptomatic and symptomatic, as it has been 
shown that this is necessary in order to analyse the rates of contagion [13]. Our SIRD-MC model consists of the 
following ordinary differential equations, 
 
𝑑𝐼(𝑡)
𝑑𝑡
=  𝛽(𝑡) ∙ 𝐼(𝑡) ∙
𝑆(𝑡)
𝑁
− 𝛼 ∙ 𝐼(𝑡) (1) 
𝑑𝑆(𝑡)
𝑑𝑡
= − 𝛽(𝑡) ∙ 𝐼(𝑡) ∙
𝑆(𝑡)
𝑁
 (2) 
𝑑𝑅(𝑡)
𝑑𝑡
= 𝛼 ∙ 𝐼(𝑡) ∙ 𝑥 (3) 
𝑑𝐼𝑑(𝑡)
𝑑𝑡
= y ·  𝛽(𝑡) ∙ 𝐼𝑑(𝑡) ∙
𝑆(𝑡)
𝑁
− 𝛼 ∙ 𝐼𝑑(𝑡) (4) 
𝑑𝐷(𝑡)
𝑑𝑡
=  𝜇 ∙ 𝐼𝑑(𝑡) (5) 
𝐶(𝑡) = 𝐼(𝑡) + 𝑅(𝑡) (6) 
In the above equations, the removal rate of reported infectious individuals (or recovery rate), 𝛾 (day−1), 
is assumed constant and equal to 1/8 day−1, as it has been shown to be reasonable and effective [5,9]. The 
transmission rate of the virus (𝛽(𝑡)) is assumed to be dependent on NPIs (this is described in detail in the next 
section). The model also includes an under-reported parameter (𝑥) for removed individuals [5] and we assume 
that the rate constant associated with 𝐼𝑑(𝑡) is proportional to that of (𝐼(𝑡)) where (𝑦) is an estimated constant 
between zero and one. As only the compartment 𝐼𝑑(𝑡) within our model can lead to death, the deceased 
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individuals, 𝐷(𝑡), are considered to be dependent of 𝐼𝑑(𝑡). The total deceased individuals are modelled 
assuming a constant fatality rate 𝜇,  (day−1). Finally, the total confirmed cumulative cases (𝐶(𝑡)) are modelled 
by summing the infected and removed cases (𝑅(𝑡)).  
Non-Pharmaceutical Intervention policies 
In our previous work, we introduced a time-varying term that accounts for a reduction in the virus 
transmission rate constant, 𝛽(𝑡), using a first-order differential equation employing all NPIs as input [5]. We 
assumed a control signal ?̅?(𝑡) which was a Boolean variable, i.e. it could take the value of zero (NPIs off) or one 
(NPIs are active), and the time varying disease transmission rate 𝛽(𝑡) was assessed through determination of 
the model parameters associated with the ODE model. In this work, we modify this expression to, 
 
𝜏 ∙
𝑑𝛽′(𝑡)
𝑑𝑡
+ 𝛽′(t) = −𝑘𝑎 ∙ ?̅?(𝑡)𝑎 − 𝑘𝑚 ∙ ?̅?(𝑡)𝑚     
𝛽(𝑡) = 𝛽𝐼 + 𝛽
′(𝑡)     
 
(7) 
In this equation, we have the rate of reduction of the disease transmission rate (𝛽′(𝑡)) which is assumed 
zero at the initial time with an initial rate (𝛽𝐼). In addition, 𝜏 represents a time constant associated with the 
reduction in the transmission rate, i.e. it is a measure of the time required for the full reduction in the disease 
transmission rate to occur as a result of the application of any NPIs. The constants 𝑘𝑚 and 𝑘𝑎 describe the 
reduction in the rate of disease transmission because of a reduction in mobility and all other NPIs. The signal 
?̅?(𝑡)𝑚 represents the effective reduction in mobility (as suggested by the Apple Mobility Trends Reports) 
because of a lockdown or other measures. While the signal ?̅?(𝑡)𝑎 represents the application of all other NPIs, 
such as the use of masks, biosecurity protocols, or closure of schools. By including these two terms in the model, 
we can capture the effects of disease suppression with and without restrictions on mobility.  
Given the estimated numerical value of these two model parameters, we can estimate the contribution 
of mobility restrictions to the overall reduction in disease transmission rate as, 
𝑆𝑚 =
?̅?𝑚
?̅?𝑎 + ?̅?𝑚
   
(8) 
In this equation, ?̅?𝑚 is the average 𝑘𝑚 for all US states or countries evaluated and similarly, ?̅?𝑎is the average 
value of 𝑘𝑎.  
Mobility trend - modelling and prediction  
Mobility Trends Reports provided by Apple were used as inputs of the model as the data is easily 
accessible, updated and conveniently normalised [7]. Mobility trends for 49 countries and 51 U.S. states were 
averaged for each day using all reported mobility data (i.e. walking, driving, transport), converting the data into a 
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representative number per day. Firstly, the data is normalised to have values between zero (no mobility 
restrictions) and one (maximum mobility restriction). Subsequently, we transform this data into a mobility signal 
(𝑢𝑚) using linear regression. To model the mobility signal, we consider this signal to be linear and have five 
changes in slope. See Appendix A for more details of this mathematical modelling.  
Refined approach for model parameters calibration  
To demonstrate the prediction accuracy of the SIRD-MC model, the model parameters were tuned 
separately for 49 countries and all US states (we calibrate a model for a particular country provided Apple 
mobility data is available and that the particular country publishes the number of recovered cases of individuals 
with COVID-19). The seven model parameters, 𝑘𝑚, 𝑘𝑎, 𝑥, 𝛽𝑜, µ, 𝜏 and 𝑦 are determined such that a least squares 
type objective function is minimised (see Appendix B) and as our implementation is in MATLAB we use the built 
in function ‘lsqnonlin’ available in MATLAB’s optimisation toolbox. Subsequently, parameter confidence intervals 
were calculated using the additional function ‘nlparci’. The estimation of the parameter confidence intervals of 
this method is based on the covariance matrix and t-student test for normal distribution.  
Model Forecasting predictive power – model validation  
Once the parameters of the kinetic model are fitted, the predictive capability of the model needs to be 
validated [14,15]. To validate our model, we made predictions up to four weeks ahead of the cumulative 
deceased individuals and number of active cases. For forecasting of the total cases, the initial conditions of the 
ODEs were specified as 𝐼𝑑(𝑡2),  𝐼(𝑡2) and 𝛽(𝑡2), and the initial condition for recovered and deceased individuals 
set as, 
 
𝑅(𝑡2)= 𝐼𝑅(𝑡2)+𝑅𝑅(𝑡2)-𝐼(𝑡2) (9) 
𝐷(𝑡2)= 𝐷𝑅(𝑡2) (10) 
 
where 𝑡2 is equal to 30 Jun 2020 as we used data for model calibration up to this date. To compare 
predictive capacity of our model in relation to the number of data, we use data up to 13 Aug 2020 (𝑡2) for model 
calibration. To estimate the confidence bounds in the predictions, we used the same initial conditions described 
above.  
The median absolute percentage error (MdAPE) and the mean absolute percentage error (MAPE) were 
calculated to report the predictive capability of our models. Usually, the MAPE is estimated using an absolute 
percentage error (APE) calculated with the mean value of the prediction as reference, however, when 
calculating it in this way, it is known that the MAPE is not robust against outliers [16]. Here, as an outlier-
resistant measure, we estimated the APE three times for each experimental point using the three simulated 
values of a prediction (the mean value of the prediction and its respective maximum and minimum bounds). The 
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lowest APE of the three is then selected for each experimental point to estimate the MAPE. By doing this, we can 
calculate the most likely MAPE avoiding potential errors due to outliers. 
Results  
Mobility trend model and forecasting 
To perform model calibration and the subsequent validation, the first step is to tune the mobility model, 
which defines the SIRD-MC model input signal. This model is also required to perform the forecasting of mobility 
for model validation. The mobility restriction model consists of a linear representation where the slope of the 
curve can potentially change over five windows of time (see Appendix A). As an example, in Figure 1 we show 
the calibrated model and data up to 29 Jun 2020 (blue) and forecasting of future mobility (data in black and 
model in light blue) up to four weeks ahead for Brazil, Italy, Australia, and Colombia.   
 
 
 
Figure 1. Mobility data from apple and control signal estimated (inverse of the Mobility 
A reduction of the predictive capacity of the model is observed when new and strong mobility 
restrictions are introduced. As an example, new lockdown rules in Melbourne (Australia) were issued to stop the 
spread of the virus, and the trend is beyond the predictive power of our model (see Figure 1). For this reason, 
we limited our study to make short term predictions of up to four weeks. The average predictive power of the 
mobility model in all cases studied is shown in Figure 2. Although the raw data is still highly noisy, the mean 
absolute error of the model was lower than 0.06. Moreover, it may be observed that the forecasting error is 
lower than the calibration error as 37 of the 49 countries studied does not have restrictions of mobility. This is 
important for parameter identification as the mobility signal covers all the spectrum of mobility, i.e. the effect of 
mobility on the reduction of the contagious rates is observed in the data. Although mobility tendencies provided 
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by Apple (i.e. walking, driving, transport) are back to normal for most of the countries around the globe, some of 
the countries still have a reduction in mobility (22/07/2020) such as South Korea, Brazil, Chile, Argentina, South 
Africa, Australia, amongst others.  
 
Figure 2. A worldwide error of the mobility restriction model for data reproduction and forecast. Dotted lines are 
the 95% confidence bounds 
Disease suppression with and without mobility restrictions 
Considering the countries studied in this work and data up to 30 Jun 2020, the estimated gains 
(i.e. 𝑘𝑚, 𝑘𝑎)  of the ODE (7) were evaluated. In the 49 countries studied, the gain associated with mobility 
restrictions (𝑘𝑚) was on average 0.183 ± 0.054 (?̅?𝑚) and the gain associated with all other NPIs (?̅?𝑎) was equal 
to 0.2050 ± 0.03 (see Table 1), i.e. worldwide mobility restrictions contribute to 47±14% of the overall reduction 
in the disease transmission rate of COVID-19. Whereas for the US States, mobility restrictions account for 
54±14% of the overall reduction in the disease transmission rate. When data up to 13/08/2020 was used for 
calibration, our models indicate that mobility restrictions account for 47 ± 10% (US States) and 47 ± 12% 
(worldwide) of the overall reduction in the disease transmission rate. The estimated model parameters for each 
country and the US States are reported in Appendix C. 
 
Table 1. Average parameters of SIRD-MC for the States of the United States and 49 countries 
Case 
Parameters 
?̅?𝑎 ?̅? ?̅?𝑜 ?̅?𝑚 µ̅ 𝜏̅ ?̅? 
Data up to 30/06/2020 
Worldwide 0.205±0.03 41.13±7.23 0.3742±0.025 0.183 ± 0.054 0.3755±0.296 28.58±4.16 0.8944±0.0253 
U.S. States 0.254±0.02 28.37±6.28 0.402±0.021 0.303±0.075 0.357±0.21 31.0421±3.9 0.8317±0.0201 
Data up to 13/08/2020 
Worldwide 0.208±0.03 39.4±7.23 0.3597±0.028 0.1863±0.048 0.2284±0.185 35.06±5.99 0.9026±0.0222 
U.S. States 0.264±0.03 25.6±6.47 0.417±0.031 0.231±0.0495 0.1785±0.0954 34.02±6.5 0.8803±0.0208 
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In Table 1 we show all the model parameters – averaged over all countries and the US states. Note that 
the time constant (?̅?) represents the time necessary to achieve 63.2% of the total change in contagious rates. 
Worldwide, the time constant is 28.58 ± 4.16 (days), data up to 30/06/2020. The parameter with the highest 
variation was the death rate for COVID-19 patients with symptoms (µ̅) as a small reduction in the parameter ′𝑦′ 
can lead to a high reduction in µ, i.e. ′𝑦′ has an exponential effect on the number of patients with symptoms. 
 The initial or basic reproductive number of the epidemic was found to be on average 3.0 ± 0.2 
(worldwide) and 3.2 ± 0.17 (US States). Note, the low confidence bounds of our average basic reproduction 
number. In contrast, the average basic reproduction number on 11 European countries was estimated by [8] as 
3.8.  We estimated that the initial reproduction number was drastically reduced due to NPIs (the initial number 
is ~3). However, most of the countries and the US states up to 13 Aug 2020 has shown an effective reproductive 
number higher than one, see Fig. 3. As confinement policies were found to be significant to control the effective 
reproduction number in most of the countries, it is evident the need of social distancing in countries with high 
transmission rates to minimise the number of deaths.  
 
Figure 3. Effective reproductive number of COVID-19 on US states and worldwide 
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Average forecasting capacity of cumulative deaths and confirmed cases 
We have validated our model doing forecasting up to four weeks ahead of the total confirmed cases and 
deaths. For illustration purposes, the forecasting of the cumulative cases and cumulative number of diseased 
individuals for several countries are shown in Figure 4. 
 
 
Figure 4. Profiles of cumulative deceased individuals confirmed cases of COVID-19 up to 28/07/2020. Red 
data were not used on model calibration  
As expected, the average MAPE for US States and worldwide increases with the number of days ahead 
(see Figure 5 and Figure 6). In all cases considered, the MAPE for two weeks ahead was 2.4 ± 0.8% for 
cumulative deceased individuals (Figure 5) and 3.9 ± 0.9% (Figure 6) for cumulative confirmed cases. When the 
number of weeks ahead was increased from two to four, the mean MAPE was increased by 2.5- and 3.5-fold for 
deceased individuals and confirmed cases. The MAPE for cumulative deaths was lower than 10% in 41 U.S. states 
and 39 countries. Hence, for the forecasting of cumulative deaths, our model has an 80% probability of 
producing four-week ahead predictions with a mean MAPE lower than 10%. Whereas, if we consider the 
confirmed cases, this probability is 62%. Using all data (calibration and validation), our model had a R-Squared 
value of 0.992 (calibration data up to 30/06/2020) and 0.98 (calibration data up to 13/08/28).  
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Figure 5. Forecasting capacity of confirmed cases from 30/06/2020 
 
Figure 6. Forecasting of cumulative deceased individuals from 30/06/2020 
A comparison of the forecasting capability of the model with previous work 
Among the epidemiological models used for forecasting in the literature, the models with lower MdAPE 
for four weeks ahead prediction of the cumulative number of deaths are the hybrid mortality spline and 
epidemiological compartment model (IHME-MS SEIR model) and Youyang Gu model (MdAPE ~6.5%) [17], see 
Table 2. These models were evaluated using 156 and 73 countries, respectively.  
Table 2. Comparison of models of forecasting for 28 days-ahead for cumulative deaths 
Model 
Number of countries and 
U.S. states 
MdAPE 
Deaths Cases 
IHME-MS SEIR model [17] 156* 6.4% Not estimated 
Youyang Gu - SEIR [18]  73* 6.5% Not estimated 
LANL–Growthrate - 
Dynamic Growth [19] 
131* 8.0% Not estimated 
SIRD-MC (This work data up to 
30/06/2020) 
100 5.9% 13.6% 
51 5.3% (U.S. States) 15.8% (U.S. States) 
49 6.5% (countries)  6.4% (countries) 
SIRD-MC (This work data up to 
13/08/2020) 
100 2.8% 11.2% 
51 2.8% (U.S. States) 17% (U.S. States) 
49 2.5% (countries)  8.4% (countries) 
*The MdAPE was estimated and reported by IHME [17] 
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As in [17], MdAPE is estimated instead of MAPE, we also calculate this figure for comparative purposes. 
In this work, the MdAPE of SIRD-MC for all states was 5.9% (51 U.S. states and 49 countries worldwide). To 
estimate the predictive capacity once more data is gathered, we also perform forecasting using a more recently 
updated dataset (calibration using data up to 13/08/2020, see Table 2). As expected given the increased amount 
of data, our model increases the predictive capacity with time as both MdAPE for deceased individuals 
confirmed cumulative cases reduces from 5.9 to 2.8 % and 13.6 to 11.2 %, respectively.   
Discussion and Conclusions 
Mobility restrictions imposed by governments are controversial as individual freedom is compromised 
for the greater good. Lockdowns slow down the spread of the virus; this is a fact. However, the impact of 
mobility restrictions on the control of the spread of COVID-19 that has been reported in the literature vary in a 
wide range, between 47 and 99% [9]. Here, using data up to 30 Jun 2020 and our model (SIRD-MC), we 
demonstrated that mobility reductions could explain ~47 and ~54% of the reduction in the disease transmission 
rates in 49 countries and the US States, respectively. These results are similar to those obtained by [7], where 
data from 26 countries was used to calibrate a hybrid model combining the susceptible- infected-recovered (SIR) 
differential equations with gradient boosted trees (GBT). 
 An augmented version of the SEIR compartmental model that uses Apple’s mobility trend data was 
proposed by [20] to estimate mortality and hospitalizations. In their work, they demonstrate that mobility data 
provides a leading indicator of contagious rates in eight US States. However, their model assumed that the 
change in the value of the effective reproduction number only depended on the reduction of mobility. In our 
work, we demonstrate that this is not true as other NPIs were found to reduce the spread of the virus by around 
~46 and 53%, approximately. 
To validate the predictive capacity of our model we considered the forecasting of cumulative active 
cases as well as the numbers of diseased individuals up to four weeks ahead and provide several statistical 
indicators of the forecasting accuracy such as MAPE, MdAPE and R-Squared. We found that our model has a 
lower MdAPE than other models studied by [17]. At the same time, our calibrated model was able to capture the 
disease suppression dynamics with a high R-Squared, 0.992 (calibration data up to 30/06/2020). Hence, we 
believe that the modelling approach suggested in this paper to estimate mortality will be a useful tool that can 
assist decision making processes. 
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